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ABSTRACT 
 
Chlorpyrifos (CPF) is a popular organophosphorus insecticide that is heavily used in the 
agriculture industry as a means of pest control.  Chlorpyrifos is known for its toxic effect to 
inhibit the enzyme acetylcholinesterase (ACHE) in humans and is widely used in areas of 
California where the site of application is close to occupied areas, such that exposures to 
residents and bystanders can occur due to secondary drift.  Secondary drift refers to the 
volatilization of a pesticide from the surface to which it was applied (e.g. soil or plant foliage) 
and subsequent off-site movement in ambient air.  Secondary drift is different from spray drift, 
which occurs during and very shortly after application.  The goal of this thesis is to evaluate 
existing measurements of secondary drift from ambient air measurements of CPF available from 
California’s Air Monitoring Network (AMN), in comparison to predictions using a state-of-the-
art dispersion model.  Pesticide use data were obtained from the California Department of 
Pesticide Regulation (CDPR) website and was compiled to form scenarios to be modeled and 
compared against measurements taken throughout the year.  Probability distributions for the 
measured and predicted CPF concentrations resulted in correlations ranging from 3% to 91% 
depending on the year and modeled scenario.  Overall the model overpredicted air concentrations 
for the modeled scenarios, providing conservative values for risk assessment purposes.
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INTRODUCTION 
 
Pesticides have great importance in today’s society, these products are used to control pest 
populations in a couple of practices.  Pesticides are used in agriculture, to protect crops from 
pests that may decrease food quality or quantity, and are also used in extermination operations, 
such as the pesticides used during the zika outbreak in 2016.  Agricultural workers, pesticide 
manufacturing employees, and exterminators have large exposures to pesticides due to their 
occupations and are subsequently at the highest risk for potential biologically significant 
pesticide overexposure.  It has been approximated that 2 – 2.5 million workers encounter 
pesticides on an annual basis (Lebeau, Johnson, Mccluskey, & Harbison, 2012).  Exposures also 
can occur on the non – occupational side.  These general population exposures are normally 
indirect and orders of magnitude lower than that of occupational exposures.  Generally, the 
exposure may come from eating food and drinking water contaminated with pesticide residues.  
Exposures may also occur from the environment from water, soil, and air that has been 
contaminated from leaching, runoff, and spray drift.  According to the 34th annual report from 
the American Association of Poison Control Centers’ National Poison Data System about 77,600 
acute single substance exposures to pesticides were reported in 2016  (Damalas & 
Eleftherohorinos, 2011; Gummin et al., 2017; Lebeau et al., 2012).  Additionally, on a global 
scale $39 billion dollars were spent on pesticides in 2007 and of that about $12.5 billion dollars 
were spent in the US resulting in about 1.1 billion pounds of active ingredients applied (Lebeau 
et al., 2012). 
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Pesticides are used on crops to control or prevent pests, diseases, weeds, and any other plant 
pathogens in an attempt to reduce or eliminate yield losses and maintain high product quality.  
Regardless of their extensive use, popularity and agricultural benefits there are some health 
concerns that are associated with their use and agencies such as the United States Environmental 
Protection Agency (EPA) and the United States Food and Drug Administration (FDA) are 
focused on evaluating research and ensuring public safety and environmental health regarding 
the use and application of pesticides.  Chlorpyrifos (CPF) is a popular pesticide that is used for 
agricultural purposes and is also an Organophosphorus Pesticide (OP), a group of pesticides that 
contain phosphorous derived from phosphoric acid, that has been used around the globe for the 
purpose of pest management.  A prevalent OP that is utilized in agricultural insect pest 
management is CPF.  CPF has a crucial role in the realm of pest control, it is mostly employed in 
the industrial, agricultural, and domestic setting.  It can be applied to a wide range of fruits, 
vegetables, and other crops.  The annual estimated use of CPF in the U.S. ranges from 3.2 to 4.1 
M kg per year since 2008 (Solomon et al., 2014).  The pesticide residue can be found in both the 
indoor and outdoor environments, as well as in drinking water and food.  The residue of the 
pesticide can migrate into nearby water sources from their point of application through spray 
drift, runoff, drainage, and accidental spills.  Exposures can occur through several routes, but it is 
mainly seen via ingestion of food by adults and children leading to a significant number of 
poisonings each year.  Due to this versatility, CPF has acquired the attention of multiple 
toxicological studies (Ali et al., 2018; Jowzi et al., 2016; Kopjar et al., 2018; Pereira, Cerejeira, 
& Daam, 2017; Tayeh, Nawarat, Phyu, & Tangpong, 2017) and critical reviews have examined 
the extensive toxicological and epidemiological database (Eaton et al., 2008).  Predominantly 
CPF can inhibit acetylcholinesterase (ACHE) and may produce neurotoxicity. 
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Secondary drift is characterized by the reintroduction of a pesticide into the air from treated 
plants or soil, meaning that after it is first applied to the plant/crop or soil a portion of that which 
is applied evaporates off the treated surface and is transported elsewhere in ambient air.  The rate 
at which this evaporation occurs is rapid due to the high saturation of treated areas just following 
primary application but, will steadily decrease as time passes.  Other factors such as relative 
humidity, surface type, chemical vapor pressure, temperature, and wind speed have an effect on 
the evaporation of the pesticide.  Therefore the volatilization of CPF can vary based on the time 
of year, weather conditions, and the type of crop it is applied to (Carlsen, Spliid, & Svensmark, 
2006; Zivan, Segal-Rosenheimer, & Dubowski, 2016). 
The primary research objective of this thesis is to evaluate existing measurements of secondary 
spray drift from ambient air measurements of CPF available from California’s Air Monitoring 
Network, in comparison to predictions using the SOil Fumigant Exposure Assessment (SOFEA) 
model.  SOFEA is a modeling system that manages the inputs and outputs to the AERMOD air 
dispersion model and allows the user to predict exposures via ambient air at an unlimited number 
of receptor locations in air basins on the order of 1,000s of km2, using actual product use data 
and local weather data. 
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CHLORPYRIFOS 
Properties 
 
CPF also known by its chemical name, O, O-diethyl O-3,5,6-trichloro-2-pyridinyl 
phosphorothioate shown in Figure 1, is a phosphorous containing insecticide that is widely used 
in the nation.  This compound has been noted to have a few different physical appearances.  It 
can appear as a white to tan granular crystal, it has also been seen as a colorless crystal with a 
mild mercaptan odor.  CPF is a crystalline solid that has a melting point of 42 °C (108 °F) and 
begins to decompose at 160 °C (320 °F), with a density of ~1.4 g/cm3 at 43.5 °C (110 °F).  CPF 
has a vapor pressure of 1.87e-5 mmHg at both 20 °C (68 °F) and 25 °C (77 °F).  Its chemical 
formula is C9H11Cl3NO3PS and has a molecular weight of 350.6 g/mol (grams per mol). 
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Figure 1 - Chemical structure of chlorpyrifos CAS No. 2921 – 88 – 2 
CPF is frequently used in the environment under many of its trade names such as Dowco 179, 
Dursban, Lorsban, ENT 27311, DMS – 0971, and Pyrinex (Mackay, Giesy, & Solomon, 2014; 
Risher & Navarro, 1997; Solomon et al., 2014).  CPF also has a primary metabolic by-product 
and is known as chlorpyrifos – oxon (CPFO), or 3,5,6-trichloro-2-pyridinol, chemical formula of 
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C9H11Cl3NO4P, that is found after exposure when CPF reacts with the enzyme cytochrome P450 
inside an organism and is found in Figure 2. 
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Figure 2 – Chemical Structure of chlorpyrifos – oxon, Cas No. 5598 – 15 - 2 
The properties of CPF are its main contributors that determine adsorption, degradation, 
movement, and catabolism once applied and released into the environment.  CPF has numerous 
degradation pathways that may occur parallel to one another that give it a short to moderate 
persistence in soils.  The variability in the pathway gives CPF half – lives some variability as 
well and is dependent on the soil’s moisture, organic carbon content, microbial activity, and CPF 
application rate.  The primary mechanisms of dissipation in the environment are through 
volatilization, abiotic hydrolysis, photolysis, and microbial degradation.  Within the first 12 
hours after application CPF volatilization from foliage is the primary mechanism of dissipation 
and becomes less significant as more time passes, as the product is absorbed into the soil or 
foliage or degrades via abiotic or biotic processes.  As the days go on CPF can adsorb strongly to 
the soil, penetrating deeper into the matrix making volatilization less likely.  Once applied to 
crops or other foliage, CPF can dissipate from those surfaces quickly as a result of its volatility 
and photolysis, leading to a half-life on the order of several days.  According to field studies the 
maximum volatilization fluxes appeared during the first 8 hours after application to fresh cut 
alfalfa, where the total mass loss of CPF to the air was calculated to be between 15.8 and 16.5 % 
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of the total applied mass.  The loss may vary based on the crop and other factors such as weather 
and application rate (Mackay et al., 2014; Solomon et al., 2014).  While in the soil the path 
followed by CPF is slightly different.  Its primary route of degradation begins with the hydrolysis 
of either CPF or CPFO to the intermediate product 3,5,6-trichloropyridinol (TCP, Figure 3) this 
step can happen biotically or abiotically and in both aerobic and anaerobic conditions, but the 
rate is twice as fast in biologically active soils. 
N
OH
Cl
Cl
Cl
 
Figure 3 - Chemical structure of 3,5,6-trichloropyridinol, Cas No. 6515 – 38 – 4 
Degradation of the intermediate, TCP, is dependent on biological activity in soil and leads to the 
formation of bound residues and reversible formation of 3,5,6-trichloro-2-methoxypyridinol 
(TMP, Figure 4). Under aerobic, conditions, the final degradation product of CPF is CO2.  TCP 
and TMP are not considered to be residues of concern for the environment or mammals (Mackay 
et al., 2014; Solomon et al., 2014). 
N
O
Cl
Cl
Cl
CH3 
Figure 4 – Chemical structure of 3,5,6-trichloro-2-methoxypyridinol, CAS No. 31557 – 34 – 3   
Based on soil sorption coefficients (Kd or Koc), CPF has a great affinity for soils and is likely to 
adsorb strongly in the soil and would not be biologically available for uptake by plant roots and 
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other studies have shown negligible amounts of CPF uptake via plant roots.  Since CPF has a 
vapor pressure of 1.87x10-5 mmHg (0.0025 Pa) at 20 °C, the rate at which it volatilizes gives it 
the potential for long-range transport, that is, to be transported from the site of application to 
other locations unintended for its use.  This can be problematic in areas that have dense 
populations and are known to have high agricultural uses or demands for CPF use which can lead 
to exposures to the population. 
Health Effects 
 
CPF and its health effects as well as its absorption, metabolism, distribution, and excretion are 
well known and have been characterized in mammals.  CPF and its main metabolite CPFO have 
been shown to be hepatoxic, genotoxic, teratogenic, immunotoxic, and cause neurobehavioral 
alterations.  The best-known toxic effect of CPF is its ability to inhibit the enzyme 
acetylcholinesterase (ACHE) in humans.  This first begins with the bioactivation of CPF to 
CPFO by being metabolized in the liver by cytochrome P450 following exposure (Ali et al., 
2018; Jowzi et al., 2016; Kopjar et al., 2018; Mackay et al., 2014; Solomon et al., 2014).  The 
inhibition of ACHE can lead to the continuous stimulation of acetylcholine (ACH) receptors in 
the synaptic junctions of the nervous system which can lead to issues in the regulation of 
respiratory functions because ACH is an essential neurotransmitter in this regard.  The impaired 
synaptic communication can have severe outcomes on the physiological processes, the exposure 
to CPF can lead to increase in ACH concentration and cause cholinergic hyperstimulation, 
bronchoconstriction, and depression of the respiratory centers in the brain stem and even 
cholinergic toxicity.  Other studies have also shown that CPF can cause oxidative stress in 
several types of cells and tissues.  This stress can result in the reduction of AP – 1, NF – kB, 
NFAT, and other transcription factors in activated lymphocytes, which may lead to the 
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suppression of the immune system.  It has also been shown that exposures to CPF during 
pregnancy can hinder the development of the brain by disrupting neural cell replication and 
differentiation, axonogenesis, and synaptogenesis in regions innervated by cholinergic 
projections (Ali et al., 2018; Jowzi et al., 2016; Reyna, Flores-Martín, Ridano, Panzetta-Dutari, 
& Genti-Raimondi, 2017; Solomon et al., 2014; Tayeh et al., 2017).  The stress can lead to the 
formation of free radicals, impairments in the antioxidant system, and lipid peroxidation.  It can 
be responsible for mRNA expression alterations in brain cells, protein, and DNA synthesis 
inhibition.  Animal studies show more toxic effects such as endocrine disruption, which affects 
the thyroid, parathyroid, androgenic, and estrogenic hormones.  In humans, some toxic effects 
have been noted following inhalation intake of CPF containing pesticides such as Dursban.  
Some effects were nausea, diarrhea, muscle cramps, respiratory stress, muscle twitching, 
headache, diaphoresis, bradycardia, miosis, blurred vision, excess mucous, lacrimation, and 
bronchoconstriction.  Some symptoms such as sensory loss and mild distal weakness have also 
been noted in individuals who were exposed to products containing CPF for extended periods of 
time.  Currently, there is some data on the effects of CPF exposures via oral and dermal routes 
that show adverse health outcomes, but little is known for inhalation exposures (Kopjar et al., 
2018; Risher & Navarro, 1997; Solomon et al., 2014). 
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MATERIALS & METHODS 
Data Identification 
 
The data used was obtained from the California Department of Pesticide Regulation (CDPR) 
Pesticide Use Reporting (PUR) website, where every record of reported pesticide application is 
held.  Several input parameters were manipulated to obtain this data.  First, the data collected 
comes from 25 townships in a certain order from a county of high chlorpyrifos utilization in the 
state of California for the years 2013, 2015 and 2016.  The selected county was Kern County, 
which ranked first in chlorpyrifos utilization in 2013 with a total of 325,884 pounds applied.  It 
also ranked first in 2015 using a total of 285,593 pounds of CPF, and 203,167 pounds of CPF in 
2016.  This county is unique not only because it is considered a high use area, but also because it 
contains an Air Monitoring Network (AMN) which was used to collect air monitoring data for 
over 30 pesticides, including CPF, and is also reported by the CDPR annually.  The location of 
the air monitoring station for Kern county was in township 27S25E section 10 coordinates 
35.50882, -119.26573.   The 25-township selection was set – up as a double layer grid around a 
central grid square (townships are 6x6 mile square), where the central township (yellow square 
in Figure 5) contains the AMN receptor, while the surrounding 24 townships are included to 
account for ‘edge effect’.  Utilizing a grid software, provided by earthpoint.us, and google earth 
pro it was possible to map and distinguish the sample grid.  The grid was a five township by five 
township square, with each township having a six mile by six mile dimension.  To go deeper, 
each township is divided into 36 sections.  Each section is a one mile by one mile square.  To 
sum it up the 36 sections, each 1 mi2, make up a township and 25 townships, each 36 mi2, make 
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up the overall sampling grid, which has a total area of 32400 mi2.  Figure 5 shows the overall 
sampling grid with 25 townships and highlighted layers; the blue and green layers make up the 
inner and outer buffer zone area (to account for edge effect) around the central yellow square 
where the AMN is located.  Figure 6 shows an enlarged township depicting the sections and their 
numbering. 
 
Figure 5 –  Township sample grid layout .  Reprinted from Earthpoint:  Tools for Google Earth Pro 
Township and Range. 2018. Retrieved from: http://www.earthpoint.us. © Bill Clark. Reprinted with 
permission 
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Figure 6 - Section display of township 28S25E. Reprinted from Earthpoint:  Tools for Google Earth 
Pro Township and Range. 2018. Retrieved from: http://www.earthpoint.us. © Bill Clark. Reprinted 
with permission 
 
Data Acquisition 
 
Once the 25 townships were identified, their unique location codes were recorded from the grid 
system as they appeared in Figure 6, CAT28SR25E.  Next, the proper settings were set in the 
CDPR retrieval tool so that it extracted the correct data from its archive.  The year was set to 
2013, 2015 or 2016, then the chemical of interest was set to chlorpyrifos after the location and 
data was specified.  The county was selected, Kern County (code 15M), from there the specified 
25 townships for each county were selected along with the 36 sections that comprise each of the 
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townships, a full location code would look like this 15M28S25E10, which means the system 
would look in Kern County (15M) township and range 28S 25E (28S25E) in section 10.  Once 
the parameters were set and the query was submitted the system will pull any reporting 
information for the locations specified for that year, for each of the sampling grids, there were a 
total of 900 sections, meaning a possible return of at least 900 applications.  The query would 
return the retrieved data with the following information: date in the format of day – month – 
year, application location specified down to the section, pounds of chemical applied, and the size 
of the field/crops treated in acres.  Once the data was collected from both counties for all years of 
interest, they were organized into excel sheets to be further processed. 
Soil Fumigant Exposure Assessment (SOFEA) 
 
Once obtained, the raw data needed to be converted into a format that can be used in the SOil 
Fumigant Exposure Assessment (SOFEA) modeling software.  SOFEA is an EPA examined 
modeling software that was recently advanced by DOW AgroSciences and is used to specifically 
estimate the fumigant vapor concentrations after application.  The CDPR has used SOFEA in air 
monitoring studies investigating a variety of pesticides in areas of California where agricultural 
practices are frequent.  Some of these areas include Ripon (San Joaquin County), Shafter (Kern 
County), and Salinas, CA (Monterey County) (Driver et al., 2016). 
The inputs needed for the model to run correctly that are acquired from the raw data excel tables 
are the field locations as x and y coordinates represented in meters, the date and time of 
application, the application rate, and the size of the field in meters.  Data was given generic 
source id numbers and the incorporation depth was included but was set to zero due to the type 
of application.  Other data such as the meteorological (met) data, information pertaining to the 
weather conditions for the days of the selected year like wind speed and mixing heights, and flux 
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data, data pertaining to the emission or re – volatilization of CPF after an application event, were 
provided. 
Field Location 
 
The location of the fields that had CPF applications needed to be converted from their unique 
county code (15M28S25E10) to an X and Y coordinate in meters.  This was done by determining 
the position from the center of the section where an application was made relative to the 
southwest corner of the sample grid, this point is the origin of the grid.  Central coordinates for 
each application section were obtained by using the Batch convert software from Earthpoint.  
Once the central coordinates were obtained they were put into a black box converter which 
returned the location of the central point longitude and latitude as an Xs coordinate (longitude) 
and Ys coordinate (latitude) in meters.  Since the exact field location could not be determined, 
the SOFEA model would assume the application was made at the center of the section indicated.  
If there was more than one application in a section on the same day it would be modeled as a 
summed single application at the center of the section.  Figure 7 shows how the fields are 
displayed in the SOFEA model.  Figure 8 shows where the origin point for the grid is located. 
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Figure 7 - SOFEA display of field locations 
 
Figure 8 - Origin point for reference grid of Kern County.  Reprinted from Earthpoint:  Tools for Google Earth Pro 
Township and Range. 2018. Retrieved from: http://www.earthpoint.us. © Bill Clark. Reprinted with permission 
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Field Size 
 
The size of the field was also needed for the SOFEA file.  Using the “amount treated” data that 
was reported for each application, it was assumed that all the fields treated were square and that 
the whole field was treated.  The PUR reported treated field area value was converted from acres 
(ac) to hectares (Ha) and finally to meters squared (m2) at which point the square root was taken 
to obtain the Xint (length) and Yint (width) in meters of the treated field. 
Application Date 
 
The date of application only needed some minor adjustments.  The current format of day – 
month – year needed to be changed to year – month – day and include the time of application as 
THH:MM:SS.  Since the data retrieval did not provide times an arbitrary application time of 9 
O’clock in the morning (09:00:00) was selected.  In excel a custom date and time format was 
created, yyyy-mm-ddThh:mm:ss and was applied to the dates provided in the raw data.  In 
addition, 9/24 of time was added to reflect the application time.  
Application Rate 
 
The application rate of the pesticide is also required, this was calculated by using the pounds of 
chemical applied from PUR and converting it to kilograms (kg) and then dividing it by the area 
of the field in Ha, resulting in the application rate in kilograms per hectare (kg/Ha).  Figure 9 
shows what the final SOFEA excel input file looks like. 
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Figure 9 - SOFEA input file  
 
Receptor Grid, Air Monitoring Network, and Alternate Met Data 
 
Once the data was obtained the models were run for two different receptor configurations.  The 
first scenario was run using a single receptor positioned at the exact ‘x,y’ location where the 
AMN stations are located, shown in Figure 10.  The next scenario was set up using a receptor 
grid, which comprised of 11,664 receptors evenly spaced within the first nine townships of the 
sample area, a focused view is shown in Figure 11. The use of multiple receptors is done to 
enlarge the area in which the model is predicting.  Increasing the number of receptors allows for 
the detection of any missed concentration plumes that may go unnoticed to the AMN station 
receptor which could occur from weather patterns that were not present in the weather data used 
by the model.  Also, an alternative file for source meteorological data was used to observe if any 
deviances in the data would appear.  The same scenarios were performed using this data.  This 
data was from a neighboring town called Bakersfield, which is about 17 miles southeast of 
Shafter in township 29S28E, shown in Figure 12. 
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Figure 10 - AMN receptor appearance in SOFEA model software 
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Figure 11 - Zoomed in image of the 11,664 receptor grid as modeled in SOFEA 
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Figure 12 - Location of Bakersfield relative to Shafter.  Reprinted from Earthpoint:  Tools for Google Earth Pro 
Township and Range. 2018. Retrieved from: http://www.earthpoint.us. © Bill Clark. Reprinted with permission 
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RESULTS 
 
Data obtained from reports from the PUR website were used to inform the SOFEA model and 
compare model predicted CPF concentrations to the AMN measured CPF concentrations.  
Measurements taken by the AMN station occurred once a week for each year.  In Kern county 
for 2013 a total of 49 measurements were taken, of those measurements, a total of 40 were above 
the Limit of Detection (LOD) and of those only 5 were above the Limit of Quantitation (LOQ). 
In 2013, the LOD and LOQ for chlorpyrifos were set to 5 and 23.1 ng/m3, respectively.  In the 
event of a trace detection, a measurement between the LOD and LOQ, a value of 14.1 ng/m3 was 
reported.  This value is the average of the LOD and LOQ.  In the event of a non – detect a value 
of 2.5 ng/m3, half of the LOD, was reported.  In 2015, a total of 51 measurements were taken, of 
those measurements, a total of 31 were above the LOD and of those 6 were above the LOQ.  In 
the event of a trace detection, a measurement between the LOD and LOQ, a value of 14.1 ng/m3 
was reported.  This value is the average of the LOD and LOQ.  In the event of a non – detect a 
value of 2.5 ng/m3, half of the LOD, was reported.  For 2016, Kern County made a total of 52 
measurements of those, a total of 15 were above the LOD and of those 3 were above the LOQ.  
For the 2016 year, the LOD and LOQ for chlorpyrifos were set to 5 and 23.1 ng/m3, respectively.  
In the event of a trace detection, a measurement between the LOD and LOQ, a value of 14.05 
ng/m3 was reported.  This value is the average of the LOD and LOQ.  In the event of a non – 
detect a value of 2.5 ng/m3, half of the LOD, was reported.  Clearly, the AMN datasets have few 
quantifiable detections of CPF, and since only one sample was collected each week, these 
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datasets have a significant amount of missing data and are also highly censored (i.e. many 
Samples are less than the LOD). 
 
Kern County 2013 
 
Data presented for this year uses source meteorological data from a weather station in 
Bakersfield, Ca.  Figure 13 depicts the 24 – hour (daily) predicted values for the year 2013 in 
Kern County. 
  
Figure 13 – Daily average concentration from single AMN receptor 
Figure 14 shows the monthly totals of the amount of CPF applied for the 2013 year in Kern 
County. 
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Figure 14 - Total pounds of CPF applied by month based on PUR data 
Figures 15 and 16 show the probability distributions of CPF concentration in Kern County in 
2013. Table I shows the correlation of the measured and predicted probability distributions. 
 
Figure 15 - Probability distributions of measured and predicted data 
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Figure 16 - Probability distributions for the predicted data 
Table I - Correlation results of measured and predicted probability distribution data for Kern 
2013 
Correlation 
Coefficient 
Adjusted 
AMN 
AMN 
predicted 
Measured Grid 
Adjusted 
Grid 
Adjusted AMN 100%     
AMN predicted 99.8% 100%    
Measured 91.4% 91.1% 100%   
Grid 73.7% 73.2% 86.1% 100%  
Adjusted Grid 73.6% 73.2% 86.1% 100% 100% 
 
Figure 17 shows the average concentration of CPF on the days that measurements were recorded 
in 2013 and Figure 18 shows the annual average concentration of CPF for the predicted data and 
the measured data from those same dates.  Table II shows the correlation coefficient of the 
measured data versus the predicted data sets. 
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Figure 17 - AMN measured and predicted day to day comparison 
Table II - 2013 correlation results of measured and predicted AMN data 
Correlation Coefficient Measured 
Measured 100% 
AMN Predicted 3% 
AMN Predicted Adjusted 2% 
 
 
Figure 18 - Annual average predictions 
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Kern County 2015 
 
Figure 19 depicts the 24 – hour (daily) predicted values for the 2015 year in Kern County. 
 
Figure 19 - Daily averages from single AMN 
Figure 20 shows the monthly totals of the amount of CPF applied for the 2015 year in Kern 
County. 
 
Figure 20 - Total pounds of CPF application by month. 
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Figures 21 and 22 show the probability distributions in Kern county in 2015.  Table III shows the 
correlation results of the kern 2015 probability distribution. 
 
Figure 21 - Probability distributions of all datasets 
 
Figure 22 - Probability distributions for predicted datasets 
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Table III - Correlation results of measured and predicted probability distribution data for 
Kern 2015 
Correlation Coefficient AMN Predicted Grid Predicted Measured 
AMN Predicted 100%   
Grid Predicted 98% 100%  
Measured 57% 43% 100% 
 
 Figure 23 shows the average concentration of CPF on select days that measurements were 
recorded in 2015 and Figure 24 shows the annual average concentration of CPF for the predicted 
data and the measured data from that year.  Table IV shows the correlation results for the yearly 
data of the reported dates. 
 
Figure 23 - AMN yearly data for reported dates 
Table IV - Correlation results for AMN 2015 reported data 
Correlation Coefficient AMN Predicted AMN Adjusted Measured 
AMN Predicted 100%   
AMN Adjusted 99.99% 100%  
Measured 23.45% 23.22% 100% 
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Figure 24 - Annual average CPF concentration in 2015 
Kern County 2016 
 
Figure 25 depicts the predicted data that represents the 24 – hour average concentration of CPF 
for Kern County in the year 2016. 
 
Figure 25 - AMN daily average predicted concentrations 
Figure 26 shows the monthly totals of the amount of CPF applied for the 2016 year in Kern 
County. 
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Figure 26 - Monthly total use of CPF 
Figures 27 and 28 show the probability distributions of CPF in Kern County.  Table V represents 
the correlation between the probability distribution data. 
 
Figure 27 - Measured and predicted probability distributions 
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Figure 28 - Predicted data distributions 
Table V – Probability distribution correlation results for Kern 2016 
Correlation Coefficient AMN Predicted Grid Predicted Measured 
AMN Predicted 100%   
Grid Predicted 95% 100%  
Measured 31% 19% 100% 
 
Figure 29 shows the average concentration of CPF on select days that measurements were 
recorded in 2015 and Figure 30 shows the annual average concentration of CPF for the predicted 
data and the measured data from those same dates.  Table VI shows the correlation information 
for the annual AMN data. 
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Figure 29 - AMN measured and predicted data 
Table VI - Correlation results for AMN 2016 reported data 
Correlation Coefficient AMN Predicted AMN Adjusted Measured 
AMN Predicted 100%   
AMN Adjusted 100% 100%  
Measured 3.6% 3.8% 100% 
 
 
Figure 30 - Annual average CPF concentration in 2016  
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Shafter 2015 Versus Bakersfield 2015 
 
Results from running the same modeled scenarios using different met data are presented below. 
Figure 31 shows the daily time series for the year 2015, Table VII shows the correlation between 
the datasets, Figure 32 shows the probability distributions of the differing met datasets, Table 
VIII shows the correlation results for that data.  Figure 33 shows the annual averages derived 
from the large grid of receptors and just the AMN receptor for both met sources. 
 
Figure 31 – 2015 Shafter vs. Bakersfield daily time series plot 
Table VII – 2015 daily time series correlation results for different met data 
Correlation Coefficient Shafter Bakersfield 
Shafter 100%  
Bakersfield 88.9% 100% 
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Figure 32 - Probability distribution of the Kern 2015 met data comparison 
Table VIII - Correlation results of the probability distribution 
Correlation Coefficient Shafter Bakersfield 
Shafter 100%  
Bakersfield 99% 100% 
 
 
Figure 33 - AMN and grid receptor annual average comparisons 
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Shafter 2016 Versus Bakersfield 2016 
 
Results from running the same modeled scenarios using different met data are presented below. 
Figure 34 shows the daily time series for the year 2015, Table IX shows the correlation between 
the datasets, Figure 35 shows the probability distributions of the differing met datasets, Table X 
shows the correlation results for that data.  Figure 36 shows the annual averages derived from the 
large grid of receptors and just the AMN receptor for both met sources. 
 
Figure 34 – 2016 Shafter vs. Bakersfield daily time series plot 
Table IX - 2016 Shafter vs. Baker annual average correlation results 
Correlation Coefficient Shafter Bakersfield 
Shafter 100%  
Bakersfield 33% 100% 
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Figure 35 – Probability distribution of the Kern 2016 met data comparison 
Table X -2016 daily time series correlation results for different met data 
Correlation Coefficient Shafter Bakersfield 
Shafter 100%  
Bakersfield 99.999% 100% 
 
  
Figure 36 – 2016 AMN and grid receptor annual average comparisons   
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DISCUSSION & CONCLUSION 
 
Measured Vs. Modeled 
 
The results obtained from this study were very interesting.  Looking at the predicted daily time 
series (Figure 13) four peaks can be spotted.  The first peak having concentrations ranging from 
161 to 256 ng/m3, the next peak contains concentrations ranging from 103 to 168 ng/m3, the next 
peak consists of concentrations ranging from 55 to 122 ng/m3, and the last peak has a peak at 92 
ng/m3.  These peaks fall on the Julian day timeline for the dates which would be for the months 
of January, March, May, and July.  These peaks match the trend in product use (pounds of CPF 
applied) where ~16,000 lbs were used in January, ~22,000 lbs used in March, ~37,000 lbs used 
in May, and ~15,000 lbs used in July.  The daily time series of 2015 (Figure19) shows a peak in 
the month of January with concentrations ranging from 633 to 275 ng/m3, a peak of 383 ng/m3 is 
seen in March, a peak of 776 ng/m3 in April, and a large peak of 4968 ng/m3 in December.  The 
daily Time series for 2016 (Figure 25) shows initial peaks in the month of January with 
concentrations ranging from 120 to 691 ng/m3, in February and March there is a cluster of peaks 
with concentrations of about 60 ng/m3. 
The probability distribution comparison for Kern 2013, graphically, show some similarity 
between in the curves.  The curves follow the same path and some differences are noticed as they 
approach one.  The curves meet one at different concentrations.  The measured curve reaches one 
at a concentration of about 422 ng/m3, this means that there is no probability that there will be an 
exceedance of the latter value.  This makes sense and is expected because 422 ng/ m3was the 
37 
 
maximum value that was reported for the 2013 year, thus leaving no chance for an exceedance 
for that value.  The AMN receptor predicted a maximum concentration of about 250 ng/m3 which 
is where this curve meets one and the grid receptor predicted a maximum concentration in the 
tens of thousands range of ng/m3.  The grid receptor overpredicted and the single AMN receptor 
underpredicted in their predicted probability curves when compared to the measured curve.  The 
overprediction from the grid can be attributed to the larger array of receptors.  The grid receptors 
are evenly distributed within the inner nine townships and thus some may be placed in or near a 
field where an application may have occurred causing the detection of the higher concentrations 
that the single AMN may not detect allowing for the observed underprediction.  The probability 
distributions are further investigated by determining the correlation coefficient of the data used 
to create the probability distributions.  The correlation coefficient results were converted to their 
corresponding percentage.  When looking at the measured data versus the AMN predicted data 
the correlation coefficient was 91.1% and when the measured data were compared with the grid 
receptor prediction that resulted in a correlation of 86%.  The predicted values were also adjusted 
in accordance with the LOD and LOQ standards defined at the beginning of the results section.  
This adjustment made no significant change in the correlation of the dataset when compared to 
the measured data.  When the AMN and grid predicted data are compared it was shown they had 
a correlation of around 73%.  The 2015 probability distributions show overpredictions from both 
modeled prediction approaches with peak values over 600 ng/m3.  The measured distribution has 
a peak concentration of around 80 ng/m3.  The resulting correlation analysis showed a 57% 
correlation with the AMN prediction and the measured data, while the grid prediction showed a 
43% correlation with the measured data.  For 2016, the predicted data probability distributions 
were also overpredicted when compared to the measured distribution curves.  The AMN 
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prediction had a 31% correlation with the measured curve and the grid prediction had a 19% 
correlation with the measured curve.  The modeled predictions seemed to agree with each other 
nicely with a 95% correlation. 
The AMN data that was used to construct the daily time series was also used to construct Figures 
17, 23, and 29 by isolating the same dates that measurements were taken from the daily time 
series for comparison.  Looking at Figure 17, the model seems to be predicting close to the 
measured data for most dates.  When further investigated, only a 3% correlation was found and 
when predicted values were adjusted that correlation dropped to 2%.  This low correlation can be 
due to the high concentration (422 ng/m3) that was reported on July 22nd.  On this day many 
applications of CPF were made in the surrounding sections and townships of where the air 
monitoring station is reportedly located, which may be a reason for this reading.  Figure 23 
shows that on some of the days where measurements were taken the model predicted higher 
concentrations, for example, 633 ng/m3 was predicted for January 5th and 470 ng/m3 for 
December 15th, this resulted in a correlation of 23% for both the AMN predicted and adjusted 
values.  Figure 29 shows larger predicted peaks 273 ng/m3 on January 11th, 60 ng/m3 on 
February 23rd, and 45 ng/m3 on March 8th.  After, the concentrations level off for the rest of the 
year, the measured and predicted data showed a correlation of 3.6% with the AMN predicted 
data and 3.8% with the adjusted AMN data. 
When the datasets are averaged to report annual concentrations the model underpredicts the 
average annual concentration when compared to the measured results in 2013.  The average 
based on the measured data is 21 ng/m3.  The AMN, AMN adjusted, and grid receptor predicted 
average concentrations were 7.6, 9.5, and 14.8 ng/m3 respectively.  The grid receptor prediction 
comes the closest to the measured annual average concentration.  For 2015, the predictions for 
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the annual average are greater than the annual average concentration of the measured data.  All 
of the model scenarios predicted data resulted in an annual average concentration of around 40 
ng/m3, where the measured average was 13.8 ng/m3.  For 2016, the modeled scenarios all 
overpredicted the annual average concentration for CPF while the grid receptor model averaged 
the highest concentration of 15 ng/m3 and the unadjusted AMN prediction averaged 8.6 ng/m3, 
the closest to the measured average concentration of 5.2 ng/m3. 
Shafter Vs. Bakersfield 
 
A separate scenario was also run using met data from Bakersfield, California and performed the 
same types of comparisons.  For 2015, the daily time series for the separate met datasets show a 
correlation of 88.9%.  Looking at Figure 31, it seems both sets have peaks around the same time 
just differing in size.  In 2016, the same pattern is observed with matching peaks in time, but not 
necessarily the concentration, this dataset has a 33% correlation.  The probability distributions 
show a 99% correlation despite the Shafter dataset predicting a much higher maximum 
concentration in 2015.  The probability distribution for 2016 has a 99% correlation with similar 
peak concentrations.   The annual averages that were predicted from the different datasets show 
that the Bakersfield data underpredicted the annual average when compared to the Shafter 
dataset with both the single receptor and grid receptor, but overpredicted the measured annual 
average in 2015.  The same trend is observed in the 2016 data for the annual averages, with 
Bakersfield underpredicting the average when compared to the Shafter data and slightly 
overpredict the average when compared to the measured data from 2016.   
Conclusion 
 
The model operated under many assumptions and other factors that could contribute to over- or 
underpredictions when compared to the measured data.  Firstly, the model assumes that for 
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multiple applications made on the same day in the same section all occur at the centroid location 
and sums the applications, this was assumed because we could not pinpoint the exact location of 
the fields.  Another is that the modeling was performed using the same CPF flux data for the 
crop alfalfa, as it was the only flux data that was available.  Clearly, the flux of CPF could be 
different in other crops depending on canopy architecture, foliage type etc.  Other factors that 
could have played a role is that the measured data was highly censored, meaning that due to 
detection and quantitation limits the values reported aren’t necessarily the true measured 
concentrations.  Where the model predicts a low concentration, above zero, the measured data 
reports half of the LOD in place of a non – detect, which can be a source of underprediction.  
The AMN data set includes only one 24-hour measurement per week, resulting in a dataset with 
approximately 86% missing data.  There was a steady decrease in the amount of application of 
CPF from 2013 to 2016 which limits source data for prediction.  An in-depth statistical analysis 
is also made difficult with censored data.  Additionally, the receptors did not include a buffer 
zone or re-entry time, which restricts the distance a receptor can be to a field where an 
application was made and the time that needs to elapse before a receptor can re-enter the treated 
area. 
The model does well in predicting patterns of temporal/seasonal application events through the 
year and also overpredicts concentrations of CPF providing a conservative value for assessment 
purposes.  However, even though the model is able to predict small concentrations, there seems 
to be an added degree of difficulty when comparing the predicted data to the censored adjusted 
lab data.  This error can be fixed by possibly incorporating a feature into SOFEA that will allow 
LODs and LOQs to be set and ensure that source data is properly reported and regulated.  
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APPENDIX A: 
SPECIAL PERMISSIONS 
 
